Summary: Transporters are proteins that are involved in the movement of ions or molecules across biological membranes. Currently, our knowledge about the functions of transporters is limited due to the paucity of their 3D structures. Hence, computational techniques are necessary to annotate the functions of transporters. In this work, we focused on an important functional aspect of transporters, namely annotation of targets for transport proteins. We have systematically analyzed four major classes of transporters with different transporter targets: (i) electron, (ii) protein/mRNA, (iii) ion and (iv) others, using amino acid properties. We have developed a radial basis function network-based method for predicting transport targets with amino acid properties and position specific scoring matrix profiles. Our method showed a 10-fold cross-validation accuracy of 90.1, 80.1, 70.3 and 82.3% for electron transporters, protein/mRNA transporters, ion transporters and others, respectively, in a dataset of 543 transporters. We have also evaluated the performance of the method with an independent dataset of 108 proteins and we obtained similar accuracy. We suggest that our method could be an effective tool for functional annotation of transport proteins.
INTRODUCTION
Membrane proteins play a vital role in living organisms, such as transport of ions and molecules across membranes, binding to small molecules within extracellular space, recognition processes in immune system, energy transduction, and so on. Transporters are one of the major classes of membrane proteins, spanning cell membranes and forming an intricate system of pumps and channels. They are different in their membrane topologies, energy coupling mechanisms and the specifics of their substrates (Ren et al., 2007; Saier, 2000) . Transporters are generally classified into channels/pores, electrochemical and active transporters, group * To whom correspondence should be addressed.
translocators, electron carriers, as well as factors involved in transport systems (Saier et al., 2006) . The transport primarily involves ions, proteins, mRNA and electrons. The classification of transporters based on different families as well as their targets remains an important problem for the advancement of structural and functional genomics.
Recently, few methods have been proposed for discriminating transport proteins based on their functions. Gromiha and Yabuki (2008) analyzed the amino acid composition of transporters and developed a neural network-based method for classifying them into channels/pores, electrochemical and active transporters. Li et al. (2008 Li et al. ( , 2009 ) utilized nearest neighbor and hidden Markov model methods, which integrate sequence similarity search and topological analysis into a machine-learning framework for categorizing transporters. In our previous work (Ou et al., 2010) , we have systematically analyzed the amino acid composition, residue pair preference and amino acid properties in six different families of transporters. Utilizing the information, we have developed a radial basis function (RBF) network method based on profiles obtained with position-specific scoring matrices (PSSMs) for discriminating transporters belonging to three different classes and six families.
In this work, we focused on another important aspect of functional annotation of transporters, i.e. the prediction of transporter targets. First, we constructed a transporter database with target information from the latest version of UniProt database (The UniProt Consortium, 2010). The database was then divided into four major classes of transporters based on their transport targets. The four classes are electron transporters, protein/mRNA transporters, ion transporters and other transporters. We have systematically analyzed the characteristic features of amino acid residues and developed a radial basis network for discriminating transporter targets using amino acid properties and PSSM profiles. Our method showed a 10-fold cross-validation accuracy of 90.1, 80.1, 70.3 and 82.3% for electron transporters, protein/mRNA transporters, ion transporters and others. We evaluated the performance of this method with an independent dataset of 108 proteins and obtained an accuracy of 92.6, 77.8, 69.4 and 80.6% for electron transporters, protein/mRNA transporters, ion transporters and others, respectively. A web server has been developed for discriminating transporters based on different targets and it is available online for the users. Finally, we developed a protocol to analyze newly discovered genomic sequences to annotate putative transporters and their transport targets. We propose that our method could be an effective tool in the annotation of transporters in genomic sequences.
METHODS

Dataset
We constructed a dataset of 2452 transporters, which are known at protein level and clear target annotation in the UniProt database (The UniProt Consortium, 2010). Using BLAST (Altschul et al., 1997) , we removed the sequences that have more than 20% identity. The final dataset contains 651 transporters with 98 electron transporters, 266 protein/mRNA transporters, 200 ion (ammonia, calcium, hydrogen ion, chloride, potassium, sodium, phosphate, sulfate, cobalt, nickel, copper, iron and neurotransmitter) transporters and 87 other transporters.
From the dataset, we have randomly selected 17 electron, 44 protein/mRNA, 33 ion and 14 other transporters for independent tests. The remaining data were used for 10-fold cross-validation. The detailed statistics of the dataset is listed in Supplementary Table S1 . The overlap with the data available in Transport Classification Database is given in Supplementary  Table S2 .
Design of the RBF networks
We have employed the QuickRBF package to construct RBFN classifiers in this work. The architecture of RBF network is shown in Figure 1 . As presented in Figure 1 , a general RBFN consists of three layers, namely the input layer, the hidden layer and the output layer. The input layer broadcasts the coordinates of the input vector to each of the nodes in the hidden layer. Each node in the hidden layer then produces an activation based on the associated radial basis kernel function. Finally, each node in the output layer computes a linear combination of the activations of the hidden nodes. The general mathematical form of the output nodes in RBFN is as follows:
where c j (x) denotes the function corresponding to the j-th output node and it is a linear combination of k RBFs φ() with center µ i and bandwidth σ i . Also, W ji denotes the weight associated with the correlation between the j-th output node and the i-th hidden node. A fixed bandwidth of 5 for each kernel function is employed in the network. We have carried out the computation with different bandwidths 1, 5, 10 and 20, and we obtained similar results. In addition, we used all training data as centers. Then, the RBFN classifier identifies four types of transporters based on the output function value. More details about network structure and design have been explained in our earlier article . Classification based on RBF networks has several applications in bioinformatics. It has been widely used to predict the cleavage sites in proteins (Yang and Thomson, 2005) , interresidue contacts (Zhang and Huang, 2004) , protein disorder (Su et al., 2006) and the discrimination of β-barrel membrane proteins (Ou et al., 2008) .
Compositions of amino acids and amino acid pairs
We used n vectors {x i ,i = 1,...,n}, to represent all n proteins in the training data. Each vector was labeled to show the protein groups (e.g. electrochemical transporters or active transporters). The vector x i has 20 elements for the composition of amino acids, and 400 elements for the composition of amino acid pairs. The 20 elements show the number of occurrences of 20 amino acids normalized with total number of residues in a protein, and the 400 elements show the number of occurrences of those 400 amino acid pairs normalized with the total number of residues in a protein. Further, we have used the combinations of amino acid and residue pair compositions with 420 elements in each vector.
PSSM profiles
From the structural point of view, several amino acid residues could be mutated without altering the structure of the protein, making it possible that two proteins could share similar structures with different amino acid compositions. Hence, we have adopted the PSSM profiles, which have been widely used in protein secondary structure prediction, subcellular localization and other bioinformatics problems with notable improvement (Jones, 1999; Ou et al., 2008; Xie et al., 2005) . The PSSM profiles were obtained with PSI-BLAST and the non-redundant (NR) protein database.
In the classification of transport proteins, we used PSSM profiles to generate 400 dimension (20×20 residue pairs) input vectors as input features by summing up each row of same amino acid in the PSSM profiles and the variable is denoted as 'x'. Supplementary Figure S1 shows the details of generating the 400D (dimension) PSSM features from original PSSM profiles. Every element of 400D input vector was divided by the length of the sequence and then be scaled by 1 1+e −x for normalizing the values between 0 and 1.
Biochemical properties
To enhance prediction performance, we included the properties of amino acid residues as new features. In this study, we analyzed the composition of 20 amino acids, the composition of 400 amino acid pairs and 544 the biochemical properties in the AAindex database (Kawashima et al., 2008) .
We divided the amino acid sequences of each protein into four equal parts, and computed average value of biochemical properties for each part. Then, we calculated the F-score for four parts individually using Equation (1) and obtained the average. The properties were ranked with the average of four F-score values.
We added these topmost ranking biochemical properties one by one to the PSSM feature sets according to their F-score value, and kept the property in the feature set if it improved the performance via 10-fold cross-validation. The F-score of the i-th feature is defined as:
are the average of the i-th feature of the whole, positive and negative datasets, respectively; n + is the number of positive dataset and n − is the number of negative dataset; x (+) k,i is the i-th feature of the k-th positive instance, and x (−) k,i is the i-th feature of the k-th negative instance (Chen and Lin, 2006) . For each classification, specific target (e.g. electron transport) is treated as positive dataset and rest of them (protein/mRNA, ion and others) constitute negative dataset. It may be noted that the properties are selected with 'best fit' for 10-fold cross-validation. However, we have also evaluated the method using an independent dataset of 108 transporters, which verifies the reliability of results.
Assessment of predictive ability
The prediction performance was examined by 10-fold cross-validation test, in which the four types of proteins were randomly divided into 10 subsets of approximately equal size. We trained the data with nine subsets and the remaining set was used to test the performance of the method. This process was repeated 10 times so that every subset had been used as the test data once.
We used sensitivity, specificity, accuracy and Matthew's correlation coefficient (MCC) to measure the prediction performance. TP, FP, TN, FN are true positives, false positives, true negatives and false negatives, respectively. Figure 2 shows the computed composition of amino acids and their variance in four types of transporters. Figure 2a showed that the composition of Gln, Ser and Trp in electron transporters was notably different from that of other classes. The variance of 20 amino acid residues between four classes can be seen in Figure 2b . The residues Glu, Gly, Lys, Gln, Ser and Ala had a variance higher than 0.5. Interestingly, the variance of these residues was different from other classes and due mainly to the composition of the residues in protein/mRNA transporters.
RESULTS
Amino acid composition in various classes of transporters
Dipeptide composition preference in various classes of transporters
We computed the residue pair preference (dipeptide composition) for all 400 possible residue pairs in electron transporters, protein/mRNA Supplementary Table S3 . The residue pairs, GL, VF, LG and GA showed a variance greater than 0.03; and the residue pair with Gly showed the highest variance among the four classes of transporters.
Amino acid properties with high F-score for four classes of transporters
We computed the F-score for the composition of 20 amino acids, 400 amino acid pair compositions and 544 biochemical properties in the AAindex database (Kawashima et al., 2008) . The properties with topmost scores are given in Supplementary  Table S4 . These properties were added to PSSM profiles and their influence was examined with the ability of improving the accuracy of discrimination. The features selected for the classification of each transporter (electron, protein/mRNA, ion and others) are presented in Table 1 . Interestingly, the influence of amino acid properties is vital for all four classes of transporters (Table 2) .
Importance of selected features for the structure and function of proteins
We have used amino acid composition, residue pair preference, biochemical properties and evolutionary information in the form of PSSM profiles as main features in the present study. These features play an important role to classify proteins based on their structure and function. It has been shown that the positive charged residues are overrepresented in the binding regions of DNA and RNA binding proteins to interact with the DNA/RNA (Ahmad et al., 2004; Bhardwaj and Lu, 2007; Jeong et al., 2003; Jones et al., 2001; Kumar et al., 2008; Terribilini et al., 2006;  T1  T2  T3  T4  T1  T2  T3  T4  T1  T2  T3  T4  T1  T2  T3  T4 Cross-validation dataset (543 proteins Wu et al., 2009) . The hydrophobic residues are accumulated in the membrane spanning regions of transmembrane helical proteins. Hence, the concept of conformational parameters and physicochemical properties has been widely used for predicting the membrane spanning segments of α-helical membrane proteins (Gromiha, 1999; Hirokawa et al., 1998; Tusnady and Simon, 1998) . The membrane spanning regions of β-barrel membrane proteins showed a periodicity of polar-non-polar residues and the residue pair preference has been used to discriminate such class of proteins (Gromiha et al., 2005) . Further, these features have been used in several classifications such as mesophilic and thermophilic proteins, binding regions in protein complexes, etc. (Berezovsky et al., 2007; Gromiha and Suresh, 2008; Zhang and Fang, 2006) . The PSSM profiles provide the evolutionary information, which characterize the proteins with similar sequence and function (Jones, 1999; Ou et al., 2008) . These analyses showed the importance of the features used in the present study for understanding the structures and functions of proteins.
Discrimination of transporters based on four different classes of transporters
We developed a variety of methods for annotating electron transporters, protein/mRNA transporters, ion transporters and others. The results obtained from the composition of amino acids, residue pair preference, combinations of them, PSSM and the combination of PSSM with the properties of amino acid residues are presented in Table 2 . The results showed that PSSM with amino acid properties was successful in discriminating transporters with an average 10-fold cross-validation accuracy of 90.1, 80.1, 70.3 and 82.3% for electron transporters, protein/mRNA transporters, ion transporters and others, respectively.
We have carried out receiver operator characteristic (ROC) analysis and the results for four transporters are shown in Figure 3 . Our results showed the area under the curve (AUC) of 0.90, 0.86, 0.77 and 0.86, respectively, for electron, protein/mRNA, ion and other transporters using PSSM and biochemical properties (Supplementary Table S5 ). We evaluated the performance of this method with an independent dataset of 108 proteins and obtained an accuracy of 92.6, 77.8, 69.4 and 80.6% for electron transporters, protein/mRNA transporters, ion transporters and others. Our analysis showed that PSSM profiles and the properties of amino acid residues improved the accuracy of discrimination, compared with the composition of amino acids and T1  T2  T3  T4  T1  T2  T3  T4  T1  T2  T3  T4  T1  T2  T3  T4 Cross-validation dataset (543 proteins 
Comparison with other methods
We have analyzed the capability of PSI-BLAST to discriminate each of the four types of transporter targets, based on sequence similarity searches. We have examined all transporters in the 543 training and 108 test sets of data and computed the sensitivity, specificity, accuracy and MCC. This method showed accuracy in the range of 64-88% for discriminating the four classes (electron, protein/mRNA, ion and others) of transporters. Our proposed method showed the accuracy of 69-92%, which is superior to PSI-BLAST searches for discrimination. In addition, the simple sequence similarity search method showed a lower sensitivity of approximately 10-40% than our proposed method in the test set of 108 proteins. The detailed results of sequence similarity search are also included in Table 2 . In addition, we have compared the performance of the present method with other algorithms such as decision trees, k-nearest neighbors, support vector machines, random forest, etc. and the results are presented in Table 3 . The ROC analysis has been done with all classifiers and the results are presented in Supplementary Figure S2 and Table S6 . We noticed that our method performs better than other methods in terms of sensitivity, specificity, accuracy, MCC and AUC for discriminating all types of transporter targets.
Importance of the work in biological context and application to new sequences
The annotation of proteins based on their structure and function are important in structural and functional genomics. In our earlier study, we have developed methods to discriminate transporters from other proteins and classify them into three classes and six families (Gromiha and Yabuki, 2008; Ou et al., 2010) . It is necessary and important to classify them based on transporting targets as the efficiency, activity, transport and other functions depends on targets. This can be evidenced with the database for functionally important residues in membrane proteins and drugtarget interactions (Gromiha et al., 2009) . Hence, the classification based on targets used in the present study is biologically relevant to understand the functions. We developed a protocol for predicting the target of a transporter. In this procedure, we initially examined the query sequence whether it is a transporter or not (Ou et al., 2010) . For transporters, we applied PSSM features and other properties to classify into four types of transporter targets. This procedure yields four results (for each transport type) and the transporter target is assigned according to the greatest preference (Fig. 4) . This is a sequence-based method, which could be used to annotate genomic sequences. As an example, we utilized this method to annotate the transporters and different classes of transporter targets in Escherichia coli genome, with 4237 sequences. Our method detected 67, 225, 262 and 155 proteins as electron transporters, protein/mRNA transporters, ion transporters and others, respectively. Further investigations on these proteins are on progress.
Discrimination on the web
We have developed a web server for discriminating membrane transport proteins based on their targets, (i) electron, (ii) protein/mRNA, (iii) ion and (iv) others. It takes the amino acid sequence in FASTA format as input and predicts the type of the target for membrane transport protein. The server can be freely accessible at http://rbf.bioinfo.tw/~sachen/ttrbf.html.
CONCLUSIONS
This study focused on methods for the prediction of targets in transport proteins. We analyzed four major classes of transporters with different transporter targets, such as electron, protein/mRNA, ion and others, and revealed the important amino acid residues, residue pairs and amino acid properties. We developed a radial basis network for transporter target annotation using amino acid properties and PSSM profiles. Our method showed a 10-fold cross-validation accuracy of 90.1, 80.1, 70.3 and 82.3% for electron transporters, protein/mRNA transporters, ion transporters and others, respectively. We evaluated the performance of the method with an independent dataset of 108 proteins and we obtained similar results. Based on the results, we have developed a protocol for identifying transporters and predicting their transporting targets. We suggest that our method would serve as an effective tool for the functional annotation of membrane proteins.
